A large number of participants are required to complete specific tasks to sense data and obtain the sensing information in Mobile Crowdsensing. In order to ensure the real-time effectiveness and comprehensiveness of the sensing information, this paper proposes a participant service quality aware data collecting mechanism with high coverage. Firstly, the service quality is measured by the willingness and regional preference of participants to analyze the real-time effectiveness of the sensing data. Then the sensing data coverage is evaluated according to the number of target points covered by the participants during the execution of sensing tasks. Furthermore, the efficiency of the participants is determined by service quality and data coverage under the condition of a limited platform budget. Finally, an iterative greedy algorithm is designed to select the sensing data from the participants set with the highest efficiency, so the coverage of sensing data can be efficiently optimized. The results demonstrate that the proposed data collecting mechanism can reduce the total reward for participants, make the tasks accomplished more efficiently, and effectively collect sensing data with high coverage.
I. INTRODUCTION
With the rapid development and application of wireless communication and sensor technology [1] - [4] , smart devices with powerful sensing ability have widely applied in people's lives, especially the smart mobile devices [5] , [6] . Utilizing the sensing ability of smart mobile devices, a new sensing paradigm which is called Mobile Crowdsensing (MCS) has emerged [7] . In MCS, the platform recruits a large number of participants to perform sensing tasks. The participants use various sensors (e.g., GPS, light sensor, microphone, and camera) embedded in smart mobile devices to sense information of the surrounding environment and collect sensing data, and these data can be uploaded to the platform for aggregation and processing [5] , [7] - [9] . In the coming age of 5G and Internet of Things, more and more services rely on massive amounts of data, and MCS has been utilized to collect and supplement the required data for these data-dependent
The associate editor coordinating the review of this manuscript and approving it for publication was Honggang Wang . services, such as digital maps, indoor navigation, parking space monitoring, environmental monitoring, and medical health [10] - [18] . Compared with traditional static sensor networks [19] , MCS has the advantage of being able to use existing sensors and communication infrastructures to collect and upload data, and it can also provide a larger range of sensing coverage [33] .Therefore, through the sensing data collected by the participants in MCS, the platform can provide more real-time and reliable services.
In MCS, in order to provide accurate sensing results with complete information to keep the reliable services, the platform needs to ensure the coverage of sensing data [21] . But in actual situations, there are great differences in the coverage of sensing data submitted by different participants. The platform needs to stimulate participants to collect sensing data with high coverage by providing some rewards. However, the budget of the platform is usually not sufficient, and the platform also needs to reduce its cost [20] , [28] . So in the case of limited budget, how to collect sensing data with high coverage to ensure the comprehensiveness of sensing information becomes a crucial problem to be solved. Besides, in order to ensure the completion probability of the sensing tasks, the platform usually sets a less pressed task period constraint to ensure that there is sufficient time for the participants to complete sensing tasks. However, there are a lot of sensing tasks that have high real-time requirements in practice [22] . For example, in the commercial MCS application platform, Waze [23] , participants are required to submit traffic information in high real-time to the platform, which makes it possible for the platform to provide effective services for its users. Thus it is also of necessity for the platform to ensure the real-time effectiveness of the sensing data. Whereas, due to the influence of participants' willingness, interest, and preference to the tasks, participants' service quality varies greatly. And a participant with high service quality can provide the sensing data with high real-time effectiveness, which will be helpful for the platform to improve its service availability. In other words, the real-time effectiveness of sensing data submitted by the participants is positively correlated with their service quality. So how to measure the service quality of participants to ensure and improve the real-time effectiveness of the collected sensing data is also urgent.
As for the collected sensing data in MCS, the platform mainly optimizes them from two perspectives: sensing data and participants. In the terms of sensing data, compressed sensing [24] , [26] , spatial interpolation [25] , and some other similar methods are used to compensate for the lack of sensing data, optimize the sensing data, and improve the data coverage. From the perspective of participants, the platform mainly takes the number of participants into consideration and designs appropriate incentive mechanisms to stimulate a larger number of participants to collect sensing data [27] , [28] . In this way, a sufficient amount of sensing data can be obtained, and the purpose of optimizing the sensing data can also be achieved to some extent. Although the above methods can optimize the coverage of the collected sensing data to a certain extent, they do not consider the service quality of the participants, so the real-time effectiveness of the sensing information cannot be guaranteed. In addition, optimizing the data coverage from the data perspective is unable to stimulate participants to submit their sensing data positively in time. Thus, it can be seen that there are some defects in the above methods. So when the budget of the platform is limited, how to select sensing data from the participants with high service quality to achieve the purpose of collecting high coverage sensing data is a problem which cannot be neglected.
For the above problems, we propose the participant Service Quality aware data collecting mechanism with High Coverage (SQHC). First, the platform measures the participants' willingness according to their decision time and the residual power of their mobile devices, and then the regional preference of participants is measured based on their duration and the number of times which they completed historical sensing tasks in the sensing region. Meanwhile, the service quality of the participants can be obtained by combining the willingness and regional preference. Then, the coverage of sensing data is evaluated based on the number of target points covered by participants when performing the sensing tasks. Finally, by considering both the willingness and the regional preference of participants, a data selection algorithm is designed to optimize the coverage of collected sensing data and make the data selection under a limited platform budget, so that the real-time effectiveness of sensing data is also improved in the meantime.
The main contributions of this paper are summarized as follows:
• We propose a way to measure the real-time effectiveness of sensing data through participants' service quality.
Considering the willingness and the regional preference, the service quality of the participants can be derived and used to be evaluated the real-time effectiveness of sensing data.
• We propose a data coverage assessment method. By analyzing the coverage of sensing data from individual participant and the set of participants, the satisfaction of the platform for the data coverage is further obtained, which is utilized for the data selection.
• We design a data collecting mechanism. The data selection problem is transformed and the efficiency of the participant is determined based on the service quality and data coverage. The data from participants with different efficiency will be selectively received by a designed greedy algorithm under a limited platform budget. And we verified the performance of the proposed method on a real-world dataset. The rest of this paper is organized as follows. In Section II, we review the related work. In Section III, we introduce the data collection model proposed in this paper in detail. Section IV describes the quantification method of participants' willingness and regional preference and proposes the evaluation method of service quality. Section V designs the evaluation method of sensing data coverage and introduces the data selection algorithm. And the SQHC mechanism proposed is verified in Section VI. Finally, we conclude the paper in Section VII.
II. RELATED WORK
Many researchers have conducted research on the data collecting in MCS [28] - [34] .
Liu et al. [28] proposed an Incentive Mechanism based on Reverse Auction (IMRA) under the reasonable budget of the platform. It can stimulate a large number of participants to collect sensing data and can facilitate the data collection. However, it does not consider the geographical location of participants and real-time effectiveness of sensing data. It not only fails to guarantee the real-time effectiveness of the sensing data but also leads to greater redundancy of the data received by the platform. Therefore, the coverage of the sensing data may be deviated from the actual situation and be influenced greatly. Jiang et al. [29] proposed a three-layer data-centric MCS framework that allows different tasks to display their common data needs, thereby the common data items can be reused to improve data utilization. However, the framework neglects the situation that the information of sensing data may be out of date. In [30] , a task assignment framework called CrowdTasker was proposed. The framework predicts the movement traces of the participants based on their historical sensing data, so as to use the traces to select sensing data of the participants to optimize the data coverage. However, this method does not reflect the flexibility of the MCS and is not able to guarantee the real-time effectiveness of sensing data. So it cannot meet the requirements of tasks with high real-time. In [31] , researchers extended the MCS systems to the social networks in order to lever the celebrity effect and select the users with high influence to diffuse sensing tasks in the social network. In this way, a lot of participants can be selected. But this method does not take the location information of participants and tasks into account and cannot ensure the coverage and real-time effectiveness of sensing data. Thus, the methods proposed in [28] - [31] do not well in collecting data with high real-time effectiveness the MCS platform needs.
In addition, Sasank et al. [32] proposed a dynamic participant selection mechanism based on the real-time and heterogeneity of the tasks to optimize the data coverage. However, it does not consider the limitation of the platform budget, so it may cause that the total reward for the participants exceeds the budget of the platform. Wang et al. [33] designed a task assignment method using the spatiotemporal correlation of tasks. In this method, the balance of the coverage of tasks and the budget of the platform are both taken into consideration, which can optimize the coverage of sensing data under a limited budget to some extent. However, it uses a statistical-based model to predict the probability that participants cover the task region, which is often difficult to obtain a desired prediction performance and may greatly reduce the optimization effect of data coverage. And the participant selection framework designed by Zhang et al. [34] first predicts the call and coverage probability of each participant, and then evaluates the participant's utility to measure the joint coverage probability of multiple participants, so as to select the appropriate set of participants. Considering the participant's location, this framework uses the predictive method to measure the participant's sensing data coverage. And it could achieve the purpose of optimizing data coverage partly. Nevertheless, affected by factors such as participants' attributes and social behaviors, when evaluating the coverage of participants, the predictive method cannot effectively reflect the coverage, which means that there may be a relatively large deviation between the data coverage calculated and that in actual situation.
Moreover, the existing studies have not considered the service quality of participants, and in which there are also some deficiencies in ensuring the real-time effectiveness and comprehensive coverage of sensing information. To solving these problems, we design the SQHC data collecting mechanism, considering both the service quality of participants and the coverage of the sensing data.
III. SYSTEM MODEL
The collection process of sensing data is shown in Fig. 1 . Firstly, the platform broadcasts a task message to the task participants. After receiving the task message, the participants acquire the sensing data required in the sensing region and upload the sensing data to the platform. Then, based on the evaluation of participants' willingness and regional preference, the service quality of participants is measured to ensure the real-time effectiveness of the sensing data. Finally, the platform evaluates the coverage of participants and calculates the participants' efficiency in combination with their service quality in a limited budget. After that, the sensing data provided by the participants with the highest efficiency will be greedily selected through the data selection algorithm. Meanwhile, the participants with selected data can be paid some rewards by the platform. Based on the above process, we assume that the set of participants is denoted by N = {n 1 , n 2 , . . . , n u }, including participants that have participated in the sensing tasks before and new participants. Considering that MCS is often used in scenarios with high real-time, high complexity, and large regional scale, the tasks are classified according to task time and geographic location and are denoted by S = {s 1 , s 2 , . . . , s j }. Each sensing task contains some required information, including task period, sensing region, and target points. Let W i,j denote the willingness of the participant n i ∈ N for the task s j ∈ S, and let R l j i denote the regional preference of n i for the task region l j , the service quality M i of n i can be obtained. Furthermore, the sensing data coverage C q s j (λ) of n i can be evaluated. Finally, the data from the participants set is selectively received by SQHC designed in this paper.
IV. SERVICE QUALITY EVALUATION
As analyzed above, MCS tasks usually have high real-time requirements. The platform needs to ensure the real-time effectiveness of the sensing data. However, due to factors such as the willingness of participants and their preference, the service quality of participants varies a lot. And if there is high service quality for a participant, his/her sensing data have the advantage in providing information in high realtime. As the service quality is able to reflect the service ability of the participant in offering sensing data with real-time effectiveness, it should be evaluated. First, the participants' willingness is measured according to their decision time and the residual power of their mobile devices. Then, the regional preference of participants is evaluated based on their duration and the number of times they completed historical sensing tasks in the sensing region. Finally, the service quality is effectively determined based on participants' willingness and regional preference.
A. THE WILLINGNESS OF PARTICIPANTS
Participants all have social attributes [35] , [36] , and the willingness is a unique attribute of participants [37] , indicating their positivity in collecting sensing data. The participants collect sensing data with their own willingness. If the willingness of participants is not high, it means that participants are not positive in performing sensing tasks. Thus, the service quality of participants will be a relatively small value at this time.
In MCS tasks assignment, in order to ensure that the platform can collect the required sensing data, a task is usually performed collaboratively by multiple participants. We assume that the sensing task s j ∈ S is performed by the participants set N j ⊆ N . If s j starts at t j s which is the time allowing participants to start s j , and ends at t j e which is the deadline for participants to submit their sensing data, the participants should collect sensing data during the task period t j e − t j s . And we suppose that the participant n i ∈ N j begins to sense data at t j i , which means that the moment when n i starts to perform sensing task s j is t
At this point, the decision time h i,j of n i for task s j is t j i − t j s . If t j i gets closer to t j s , n i tends to be more positive to perform the sensing task s j , thus there is a higher willingness for n i .
In addition, there may be limitations in measuring participants' willingness by a single factor, so the residual power of the participants' mobile devices is also taken into account. Usually, the participants will be more positive in performing sensing tasks when there is more residual power for their devices under the condition that the normal use of participants' devices is not affected. So we assume that the residual power of n i when he/she receives the task broadcast message is V r i . Intuitively, the higher the value of V r i signifies the more positive participation of n i , which will cause a higher willingness for n i . As a consequence, the participant's willingness to perform a sensing task can be measured based on the participant's decision time for the task and the residual power of the participant's mobile device. Considering that if the time when the participant begins to perform the sensing task is the same as the starting time of the task, the decision time of the participant is equal to 0, which indicates that the participant executes immediately when the task starts. So the willingness of this participant can be judged as 1 at this time. Based on the above analysis, the willingness W i,j of n i can be measured as (1) .
where V a i denotes the total power of n i 's mobile device, v is the total number of participants who perform s j , and v = |N j |.
Besides,
represents the comparison of the decision time of n i for s j and the average decision time of all participants in N j , which reflects the positivity of n i among all participants in N j . B. REGIONAL PREFERENCE OF PARTICIPANTS As mentioned above, the sensing tasks are classified based on different geographical regions, and there is strong flexibility for the participants. In order to avoid affecting the participants' normal work and life when performing sensing tasks, they will be free to choose and perform sensing tasks. If the participants are unfamiliar with the sensing regions of tasks, it is clear that the participants may not be positive to perform the sensing tasks, which may cause a negative effect on the effectiveness of sensing data. Therefore, when evaluating the service quality, it is also imperative to measure the regional preference of the participants.
Considering that the daily movement habits of the participants have spatiotemporal characteristics, the regional preference of the participants is not only related to the number of times the participants perform the sensing tasks in the same region, but also related to the duration for them in this region. Therefore, we measure the regional preference of participants by the historical sensing tasks list which records participants' historical task participation. We suppose that the sensing region of task s j is l j . In the historical sensing tasks list of n i , if n i performed tasks more frequently in sensing region l j and the duration of task execution in this region is longer, n i has a higher preference for sensing region l j . So when n i performs the sensing tasks in l j next time, n i will be more familiar with l j and be more able to improve the real-time effectiveness of sensing data. At this time, there is higher service quality for n i . If it is the first time for n i to perform the sensing task, the historical sensing tasks list of n i is empty. The platform will set n i 's regional preference as 0, indicating that n i has no regional preference at present.
If the historical sensing tasks list of n i is not empty, the more times n i performed sensing tasks in l j and the longer n i stayed in l j during the execution of the sensing tasks in the record, there will be a higher regional preference for n i . So the regional preference R l j i of the participants can be obtained by analyzing the number of times and the duration they completed historical sensing tasks in the sensing region. Considering that the number of times and the duration have different effects on R l j i , the region preference R l j i of n i for l j is calculated as (2) .
where v j , v j ≤ v denotes the number of participants in N j who performed the sensing tasks in sensing region l j from the historical sensing tasks list. As aforementioned, N j denotes the set of participants who perform task s j , and v is the number of participants in N j . O l j i denotes the number of times that n i performed sensing tasks in l j , and O l j v denotes the total number of times that participants in performed sensing tasks in l j . Besides, s l j i(r) and e l j i(r) denote the start time and end time at which n i performed the sensing tasks in l j for the rth time, respectively. Thus, f l j 1i and f l j 2i can be obtained, which represents the performance of n i in the tasks times and duration, respectively. And α 
where µ l j g and σ l j g are the mean and standard deviation of f l j gi respectively, and they can be obtained as (4) .
In order to figure out the information entropy H l j g of f l j gi , the proportion of f l j gi after normalization is computed first according to (5) . We use ϕ l j gi to denote the proportion of f l j gi , and ϕ l j gi can be calculated as:
Then, according to ϕ l j gi , the information entropy H l j g of f l j gi is calculated by:
Finally, we can get the entropy weight β 
C. SERVICE QUALITY From the above, the service quality of participants is related to their willingness and regional preference. In order to better determine the service quality M i of participant n i , the value range of M i is defined in [0, 1]. Considering that there is no regional preference when n i performs the sensing task for the first time (i.e., R l j i = 0), the service quality should be determined based on the willingness of n i . If n i has a higher willingness, indicating that there is higher positivity for n i to participate in the sensing tasks, the real-time effectiveness of the sensing data can be better guaranteed, so the service quality of n i is higher at this time. Therefore, the willingness W i,j of n i is proportional to M i . In the other word, dM i dW i,j > 0. In addition, when the value of M i is large, the growth space of M i is getting small, so the growth rate of M i is slow. At this time, M i increases slightly near the maximum. According to the above change rule and combined with the value range of service quality, the service quality M i of n i when he/she performs the sensing task s j for the first time is determined by (9) .
If it is not the first time for n i to participate in the sensing tasks, the service quality M i of n i at this time needs to be measured according to two factors: the willingness and the regional preference. In addition, when the willingness W i,j of the participant is 0, it means that the participant refuses to perform the sensing task. At this time, the service quality can be set as 0. Therefore, the service quality M i of n i can be calculated by:
V. DATA COLLECTION WITH HIGH COVERAGE
According to the analysis above, the platform determines the service quality of participants to measure the real-time effectiveness of the sensing data. On this basis, the participant's sensing data coverage is evaluated according to the number of target points covered by the participant's sensing data submitted. Then based on the participant's service quality and sensing data coverage, the joint coverage of sensing data from the participants set is further analyzed under the condition of a limited platform budget. Thereby, we are able to optimize the sensing data coverage and select the sensing data from the appropriate set of participants for the platform.
A. DATA COVERAGE EVALUATION
In the data coverage evaluation, in order to maximize the sensing data coverage, the coverage of the sensing data from every individual participant needs to be evaluated first.
We have known that MCS is often used in scenarios with high real-time, high complexity, and large regional scale. And in practice, the sensing information provided by different sub-regions and different target points in the same task is different. For example, for a crowd density monitoring task in a city block, the platform tends to pay more attention to the data from the sub-regions with relatively high-security risks, and the integrity of the sensing information in these regions is more important. So for each sensing task s j , we divide its sensing region l j into q virtual sub-regions, and each sub-region denoted by l q j , i.e., l j = l 1 j , l 2 j , . . . , l q j . Note that the virtual sub-regions are only known to the platform and unknown to the participants. Meanwhile, according to the requirement of each sensing task s j , its target points set P q j = {1, 2, · · · , p} in each sub-region l q j is determined by the platform. Therefore, it is convenient for the platform to select sensing data with different coverage requirements according to different sub-regions. And at the same time, it is also convenient for the participants to perform the sensing tasks. The tasks participants only need to collect sensing data at the corresponding target points. Accordingly, we assume the data coverage of n i in each sub-region l q j of s j is denoted by C q s j (n i ), and C q s j (n i ) can be evaluated based on the number of target points covered by the data from n i . So when n i has not started to perform s j , the coverage C q s j (n i ) of n i in each sub-region is 0. When n i starts to perform s j , as the number of target points covered by C q s j (n i ) in l q j increases, the data coverage C q s j (n i ) also gets larger gradually. Therefore, for the sensing data submitted by n i in sub-region l q j of task s j , the coverage C q s j (n i ) is calculated as (11) .
where m q i denotes the number of target points involved in the sensing data of n i in the sub-region l q j . Since MCS is based on a large number of participants and requires participants to collect the sensing data in a collaborative manner to accomplish the sensing tasks, the platform needs to evaluate not only the data coverage of each individual participant but also the coverage of the sensing data collected by the participants set. Considering that the participants are heterogeneously distributed in the sensing region and their movement traces are randomly changed [39] , the target points covered by the sensing data between the participants may partially overlap. If the participants set λ, λ ⊆ N submits the sensing data from sub-region l q j , and when there are the same target points contained in the sensing data set submitted by the participant n i and n j from λ, the same target point should be considered only once when calculating the data coverage. Thus the data coverage of the participants set is calculated by: 
where e q j denotes the same target points in the data submitted by the participants set λ in sub-region l q j of s j , y q j denotes the different target points, and ∀e q j , y q j ∈ P q j . According to the above analysis, the data coverage of each participant can be obtained. In addition, for the sensing task s j , we suppose that the platform selects the sensing data of the participants set χ , χ ∈ N . So the data coverage C s j (χ) of χ for s j is denoted by
In order to effectively measure whether the data coverage of participants set χ meets the requirements of the platform, we assume that the platform's expected data coverage for each sub-region of s j is δ s j = [δ 1 s j , δ 2 s j , . . . , δ q s j ]. Besides, in order to measure the difference between C s j (χ) and δ s j , we use U s j (χ) to denote the satisfaction of the platform. When the difference between C s j (χ ) and δ s j is small, the satisfaction of the platform will be high, which will cause a large value of U s j (χ). Since C s j (χ) and δ s j are expressed in the form of matrix, we use the Frobenius norm [40] to quantify the difference between C s j (χ) and δ s j to evaluate the satisfaction U s j (χ). In addition, considering that the data coverage of part sub-regions may exceed the expected value of the platform, i.e., C q s j (χ ) ≥ δ q s j , all of them are considered to have met the expected coverage requirements of the platform, and we suppose that C q s j (χ )=δ q s j when calculating U s j (χ ) at this time. Thus, the calculating method of U s j (χ ) can be obtained, as shown in (13) .
where · F denotes the Frobenius norm. Moreover, the value range of U s j (χ) is [0, 1], and 0 means that the platform is completely dissatisfied with the data coverage of χ, while 1 means that the platform is completely satisfied with the data coverage of χ .
B. SENSING DATA COLLECTION
It can be seen from the above analysis that in the data selection problem in this paper, the platform should not only optimize the coverage of sensing data but also consider the service quality of participants. In order to comprehensively measure the performance of participants in these two aspects and facilitate the platform to select sensing data submitted by the participants with good performance, we assume that the utility of participant n i is denoted by ζ s j (n i ). If n i has a high utility value, it means that participant n i can not only ensure the real-time effectiveness of sensing data when performing sensing tasks but also has a high data coverage. So the utility ζ s j (n i ) of participant n i can be obtained by (14) .
where U s j (χ + n i ) − U s j (χ) represents the platform's satisfaction with participant n i . If the satisfaction is high, the sensing data coverage of n i is high, which is more in line with the requirements of the platform.
Considering that MCS is based on a large number of participants and each sensing task is required to be accomplished by the participants in a collaborative manner, the platform needs to select the sensing data from a set of participants when collecting sensing data. In addition, participants need to pay a certain cost (e.g., time and mobile phone power) to perform the sensing tasks. In order to ensure the data quality and the participation positivity of participants, it is essential for the platform to take some incentive measures for each participant with selected data. And it is a common practice to pay the participants corresponding rewards according to their performance. However, the platform needs to save the cost and the budget of the platform is usually limited in reality. If the joint utility of the participants set is maximized in each sensing task, the total reward paid to them may exceed the budget of the platform. Therefore, the utility of the set of participants should be analyzed from a holistic perspective. We assume that the budget of the platform is J , and the reward paid to each participant with selected data is f i . Moreover, for the sensing tasks set S = {s 1 , s 2 , . . . , s j }, we suppose that the platform selects the sensing data from a set of participants, and these participants are denoted by set χ * . In order to maximize the joint utility of participants set χ * , the coverage optimization problem of sensing data should be defined firstly, which is shown as follows.
Maximize : ζ (χ * ) = ζ s 1 (χ * ), ζ s 2 (χ * ), . . . , ζ s j (χ * ) T (15) Subjectto : χ * ⊆ N ; i∈χ * f i ≤ J (16) Considering that if the utility ζ s j (χ * ) is increased, more participants' sensing data need to be received, which will lead to a larger total reward for the participants. In the condition of limited platform budget, the collective utility of participants in other sensing tasks will be inevitably affected at this time. Therefore, each sub-object in ζ (χ * ) is mutually exclusive. So the above formula in (15) and (16) is a multi-objective optimization problem [41] . In order to optimize the solution process, we use the weighted sum method to transform (15) and (16) into a single objective problem. Considering that the number of target points in each sensing task is different, it is clear that the sensing task may provide more sensing information if the number of target points of the task is large, thus the task should have a larger proportion. So the proportion of the sensing task is quantified according to the number of target points of the sensing task. And (15) can be modified into (17) .
where P j j j=1 P j is the proportion of sensing task s j . As a consequence, the above equation belongs to a nonlinear knapsack problem [42] , and the nonlinear knapsack problem has been proved to be NP-Completed [43] . So when finding the solution of (17) and (18), we use an iterative greedy algorithm to find a suboptimal approximate solution. In addition, considering that if the reward of participants is too large, the amount of sensing data selected by the platform will be obviously affected since the budget of the platform is limited, thus the coverage of sensing data will be further influenced. Therefore, the platform chooses to receive the sensing data submitted by the participants with the largest efficiency in each iteration combining the utility and the rewards of participants, where the efficiency ϑ(n i , χ * ) of participant n i is defined as (19) .
According to the above equation, when the reward of participant n i is too large, it can be seen that the growth of efficiency ϑ(n i , χ * ) will be affected. Therefore, under the condition of a limited platform budget, the platform selects sensing data form the participants with the largest efficiency in each iteration. And when the total reward of the participants is equal to the platform budget or the collective utility of participants set in each task is the maximum, the iteration stops. In this way, the sensing data with optimal coverage can be selected and the real-time effectiveness of the sensing information can be ensured and improved when the platform budget is not sufficient. The specific process of the data collection is shown in Algorithm 1.
Algorithm 1 Data Selection Algorithm Input:
S = s 1 , s 2 , · · · s j : set of tasks, N = {n 1 , n 2 , · · · , n u }: set of participants, f i : reward of each participant, J : the budget of the platform Output:
χ * : set of participants with selected data 1: Initialize χ * = null; 2: while 1 do 3: paticipant − id = 0; 4: paticipant − id = 0; 5: budget − left = J ; 6: for n i ∈ N do 7: if f i < J then 8: compute n i 's efficiency according to Eq.(19); 9: if ϑ(n i , χ * ) > efficiency − max then 10: paticipant − id = n i ; 11: efficiency − max = ϑ(n i ); 12: budget − left = budget − left − f i ; 13: end if 14: end if 15: end for 16: if budget − left = 0 or paticipant − id = 0 then 17: break; 18: end if 19 :
VI. NUMERICAL RESULTS
In this part, we verified the SQHC mechanism proposed in this paper through MATLAB. Under the condition of different numbers of participants and different budgets, we compared SQHC with IMRA [30] and CrowdTasker [32] and analyzed the coverage of sensing data, the overall sensing time, the total rewards of participants, and the satisfaction of the platform under the three mechanisms. Note that the overall sensing time represents the total time taken to complete the tasks. In addition, in order to evaluate the performance of the SQHC mechanism more objectively, we used a real-world dataset: the Roma/taxi trace dataset [44] to conduct a simulation of the mechanism. And in the dataset, trace data from 320 taxis in Rome over 30 days are recorded. The main simulation parameters are given in Table 1 . 
A. PERFORMANCE ANALYSIS UNDER DIFFERENT NUMBERS OF PARTICIPANTS
Under the condition of different number of participants, the change of coverage of sensing data, the total reward of participants, and the overall sensing time are shown in Fig. 2,  Fig. 3 , and Fig. 4 , respectively. Among the three figures, Fig. 2 compares the change in the coverage of the sensing data collected by the three mechanisms under different numbers of participants. With the number of participants increases, the coverage of sensing data shows a growth pattern that grows rapidly first, then turns to grow slowly and finally remains almost unchanged. It is because when the number of participants is small, the coverage of sensing data cannot meet the requirements of the platform, and the platform can only receive all the sensing data. As more and more participants perform the sensing tasks, the redundancy of sensing data from participants is getting higher. In order to accurately calculate the data coverage, the platform will receive the sensing data with lower redundancy. In addition, since IMRA does not consider the effectiveness of the data coverage, the coverage of sensing data under this mechanism is the lowest. Compared with the CrowdTasker, the SQHC proposed optimizes the data coverage and considers the participants' willingness to ensure their positivity, so the data coverage is the highest under SQHC.
The total reward for participants is shown in Fig. 3 . As the number of participants increases, the total reward paid to participants changes according to the rule of rapid growth first and then almost stability. It is because when the number of participants is small, the sensing data collected by the platform is limited and cannot reach the expected coverage of the platform. Therefore, the platform needs to provide higher rewards for more participants to perform sensing tasks, so the total reward for participants increases rapidly first. And when the number of participants is large, due to the limited budget of the platform, the amount of sensing data from the selected participants is limited, so the total reward for participants remains almost unchanged. In addition, although IMRA can limit the total reward of participants to a certain range, its main goal is to enable more participants to perform sensing tasks to optimize the coverage of sensing data. So the total reward of participants of IMRA is the largest. Compared to CrowdTasker, SQHC also takes the real-time effectiveness of the participants' sensing data into account, so there is a minimum total reward for participants under the SQHC mechanism. Fig. 4 compares the change of the overall sensing time of tasks with different numbers of participants. It can be seen that the overall sensing time under the three mechanisms all decreases rapidly and then stabilizes slowly as the number of participants increases. It is because the expected coverage of the sensing data is more likely to be met when the number of participants increases, so the overall sensing time goes down quickly. And when there are a large number of participants, the amount of sensing data selected is limited, so the overall sensing time slowly stabilizes. SQHC considers the service quality of participants, which can ensure the real-time effectiveness of sensing data. Therefore, the overall sensing time of the SQHC mechanism is the least. And CrowdTasker selects participants' sensing data by the movement traces, so the overall sensing time of CrowdTasker is lower than IMRA. 
B. PERFORMANCE ANALYSIS UNDER DIFFERENT BUDGETS
In order to further verify the performance of the SQHC mechanism, the changes in the coverage of sensing data, the satisfaction of the platform, and the overall sensing time are respectively shown in Fig. 5, Fig. 6 , and Fig. 7 under different platform budgets. 5 shows the changes in the coverage of sensing data collected by the three mechanisms under different platform budgets. With the increase of the platform budget, the coverage of sensing data remains stable after it grows and reaches a certain level. When the platform budget increases, a large number of participants will be stimulated to perform sensing tasks, so the data coverage gradually increases. And when the platform budget is high enough, the platform will selectively receive the sensing data in order to optimize the data coverage, so the coverage of sensing data gets to remain almost stable. Moreover, IMRA improves the coverage of sensing data by increasing the number of participants to participate, without considering the redundancy of sensing data and the effectiveness of data coverage, which causes the lowest coverage of sensing data in IMRA. And compared with CrowdTasker, the SQHC mechanism considers the service quality of participants and ensures their participation initiative, so SQHC has the highest sensing data coverage. It can be seen that the data coverage under the three mechanisms do not meet the platform's expectation when the budget of the platform is minimal. At this point, the platform has the highest satisfaction with SQHC, followed by CrowdTasker and IMRA. With the increase of the platform budget, the satisfaction of the platform under the three mechanisms rises, and finally reaches to 1. It is because the amount of sensing data that the platform chooses to receive increases as the platform budget increases, so the data coverage of participants increases and gradually approaches the expected coverage of the platform. When the participants' data coverage meets and exceeds the expected value of the platform, the satisfaction is the maximum value of 1. Compared to IMRA, Crowd-Tasker takes into account the location of participants, so CrowdTasker is more likely to reach the platform's expected coverage requirements than IMRA when the budget is insufficient. The SQHC mechanism optimizes data coverage when collecting data, and also considers participants' regional preferences, so the SQHC mechanism can provide higher data coverage and meet platform expectations first.
The change of the overall sensing time with the platform budget is depicted in Fig. 7 . It can be seen that the overall sensing time decreases first and then slowly stabilizes as the platform budget increases. This is due to the factors that there are not enough participants to be stimulated to perform sensing tasks when the platform budget is small, so the overall sensing time is higher at this time. With the increase of the platform budget, the number of participants gets larger, so the overall sensing time is lower. When the number of participants reaches the level where the coverage of sensing data can be optimized, the platform will no longer receive sensing data, so the overall sensing time is stable at this time. Besides, SQHC considers the service quality of participants to improve the real-time effectiveness of sensing data, so the overall sensing time of SQHC is the lowest. CrowdTasker takes into account the distance between the participant's position and the task sensing region, so the overall sensing time of CrowdTasker is lower than that of IMRA.
VII. CONCLUSION
In order to ensure the real-time effectiveness and comprehensiveness of the sensing information, this paper proposes a participant service quality aware data collecting mechanism with high coverage. Firstly, to measure the real-time effectiveness of sensing data, the service quality of participants is evaluated by their willingness and regional preference. Then, the coverage of sensing data was evaluated based on the number of target points covered by the participants when they perform the sensing tasks. Finally, in the condition of limited platform budget, the efficiency of participants is obtained according to their service quality and sensing data coverage, and then the iterative greedy algorithm is used to select and receive the sensing data submitted by the participants with the highest efficiency. So the coverage of sensing data is able to be maximized while the real-time effectiveness of sensing data can be ensured at the same time. In addition, we also verified the performance of the proposed SQHC data collection mechanism on a real dataset through simulation. The results demonstrate that SQHC can reduce the total reward of participants, efficiently accomplish the sensing tasks and effectively collect sensing data with high coverage.
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